2 2009. The current account balance, as a share of GDP, went up significantly during this period, suggesting an improvement in the country 's competitiveness. From 2003 's competitiveness. From to 2009 Philippine peso appreciated while the net factor income from abroad almost doubled.
The Philippines, however, was subject to a variety of macroeconomic and other shocks during the period [2003] [2004] [2005] [2006] [2007] [2008] [2009] , and Filipino households were likely to be vulnerable to both covariate and idiosyncratic shocks. An important question in this context is how macroeconomic conditions influenced household welfare. While peso appreciation lowered the value of international remittances, it also lowered import prices. This resulted in cheaper domestic rice, oil products and other basic commodities. Thus, although inflation was not maintained below 3.0 percent after 2003, the growth in prices decelerated from 8.3 percent in 2008 to 4.2 percent in 2009. The unemployment rate also dropped from 11.4 percent in 2003 to 7.5 percent in 2009. Apparently, the effects of the global financial crisis did not persist.
However, the poverty headcount ratio did not significantly decline during the period. It rose from 20 percent in 2003 to 21.1 percent in 2006, and then remained almost same (20.9%) in 2009. The total number of poor households, in fact , grew from 3.3 million in 2003 to 3.9 million in 2009. 1 Poverty in the Philippines is also characterised by spatial disparity ( Figure   1 ). The provinces with the highest poverty incidence from 2003 to 2009 were located in the southern region, the poorest region of the country. On the other hand, several provinces in the central region had poverty rates higher than 30 percent while provinces in the northern region had relatively lower poverty rates. The Gini coefficient at the national level remained high (48.7% in 2003 and 47.4% in 2009) ; higher than those in urban or rural areas (45.1% in 2003 and 44.6% in 2009 in urban areas and 42.9% in 2003 and 42.8% in 2009 in rural areas). The rural-urban disparity could have resulted in greater inequality at the national level than in urban or rural areas.
Earlier studies on poverty argued that a large component of the Philippine poverty is transient poverty, which is characterised by high vulnerability to shocks . Among the key reasons why many Filipino households do not have the capacity to autonomously mitigate the adverse impacts of shocks include the lack of gainful employment, less access to credit and good-quality health facilities, and lack of institutional support, among others (Reyes et al., 2009 . Thus, in analyzing further the underlying causes of persistence of poverty, it is necessary to take into account the effect of macro and micro shocks on household welfare. The 2010 Philippine Millennium Development Goals Progress Report noted that the combined impacts of economic, natural and other shocks could have contributed to the persistence of poverty in the country. During the past decade, the Philippines has faced many challenges including the aftermath of the 2007/08 global financial crisis, exorbitant and unpredictable rice and fuel prices, and a series of extreme weather events, among others. One of the most notable shocks is the global financial crisis, which originated in the United States in July 2007. The Philippines felt the impact of the crisis from the second half of 2008 until the end of 2009. Economic analysts argued that workers in the manufactured exports sector, particularly those in electronics and garments sub-sectors, as well as the overseas Filipino workers (OFWs) had borne the brunt of the crisis. During the same period, the country also faced significant rice and fuel price increases. Domestic rice prices had dramatically increased up to 40 percent during the latter part of 2007 until the first half of 2008 due to upsurge in global food grain prices. Aside from economic shocks, the Philippines have also been frequently visited by typhoons and other extreme weather events. Based on historical records of the National Oceanic and Atmospheric Administration, four El Niño and three La Niña episodes occurred between 2003 and 2009. These brought an increased frequency of destructive typhoons, excessive 4 flooding and even prolonged droughts to the country. Official statistics show that these natural shocks have been getting more frequent and more intensified.
Bearing in mind these broad regional and economic contexts, this study aims to estimate vulnerability to poverty using a three-level linear random coefficient (RC) model applied to a Philippine household-level panel data set covering three waves (2003, 2006 and 2009) . We draw upon the growing literature of quantitative studies of vulnerability as an ex ante measure of poverty (Pritchett et al., 2000; Chaudhuri et al., 2002; Zhang and Wan, 2006) .
Specifically, we will address the following three research questions: (1) Who are vulnerable to poverty in the Philippines?; (2) Which between idiosyncratic shock and covariate shock has a greater share in explaining the vulnerability to poverty?; and, (3) What are the main characteristics of vulnerable households?
To our knowledge, this is the first study to estimate the household's vulnerability to poverty using a three-level longitudinal model, or RC model, in order to capture the effects of factors in different levels (i.e., time, household, and province). The heterogeneity bias in the RC model was corrected by using the Bell and Jones's (2015) 'within-between' formulation, which explicitly modelled both the time-series (or 'within') variations in means of household-and province-level variables and the cross-sectional (or 'between') variations across different households and provinces. While Bell and Jones argue that the said method overcomes the limitation of the RC model and is preferable to the fixed-effects (FE) model, both RC and FE models were estimated in this study. More specifically, the FE model was applied to the first-differenced income to be able to derive the predicted income in 2012 and examine whether a household is below or above the poverty threshold. In all cases, the attrition bias was corrected by the method of Fitzgerald et al. (1998) .
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The structure of the paper is as follows. Section 2 provides a brief summary of the empirical literature on vulnerability in developing countries. Data and variables are discussed in Section 3. Section 4 describes the methodologies for multilevel analysis, estimation of vulnerability to poverty, and vulnerability assessment. Section 5 provides estimation results and vulnerability profile of the panel households. The final section concludes and provides some policy implications.
Empirical Literature
The literature on vulnerability to poverty has been growing since the early 2000s. Various studies have adopted different measures of vulnerability and approaches on vulnerability estimation. There are also studies that identified the determinants of vulnerability, assessed the impact of different types of shocks on vulnerability, and decomposed poverty into structural and risk-induced, among others. For instance, Pritchett et al. (2000) used the expected poverty approach in measuring vulnerability to poverty of Indonesian households.
The study found that around 30-50 percent of Indonesian population were vulnerable to poverty, given a 20-percent poverty rate. Chaudhuri et al. (2002) estimated Indonesian households' vulnerability through calculation of the expected value of poverty based on a set of household characteristics. The study found that 45 percent of the Indonesian population were considered vulnerable while 22 percent were classified as poor. 2
The literature on vulnerability presents a wide range of methodologies; most common of which are the fixed-effects and generalized least squares (GLS) random-effects regressions.
Only recently, Günther and Harttgen (2009) introduced multilevel modelling in vulnerability estimation, which was later adopted by Échevin (2013) . These studies utilized cross-sectional data and developed a two-level model. Günther and Harttgen (2009) estimated a random intercept model while Échevin (2013) estimated a RC model by including shock variables in the set of explanatory variables. As an extension, this study proposes the use of a three-level linear RC model as well as a FE model using panel data by introducing time as an additional level in the multilevel model.
Data and Variables
The three-wave household-level panel data generated from the 2003, 2006 household units were destroyed by natural calamities such as strong typhoon, landslide, earthquake, volcanic eruption; residential area was converted to an industrial area; the entire household migrated to other places because the head found a new job in another place; among others. Given that vulnerable households tend to be dropped from the surveys, vulnerability measures in this study are likely to be underestimated. While this is admittedly a major limitation of the study, our use of the panel data in deriving vulnerability estimates would offer rich policy implications as the majority of the existing empirical works on vulnerability used cross-sectional data. Meanwhile, the attrition problem was addressed by applying inverse probability weights, which is an approach based on the method of Fitzgerald et al. (1998) that used observable characteristics in correcting for attrition bias.
The data contain annual information on households' socioeconomic characteristics, including income, expenditure, household head profile, and other household characteristics. The FIES data were supplemented by information on labour force, employment and educational attainment of household members generated from the relevant rounds of the LFS, namely: July 2003 , January 2004 , July 2006 , January 2007 , July 2009 , and January 2010 Since the FIES dataset contains only household-level information, data on aggregate-level characteristics and shocks were sourced from the official statistics released by various government offices.
The official poverty statistics in the Philippines are generated regularly by the PSA based on the results of the triennial FIES. A Filipino household is considered poor if its per capita income is below the official provincial poverty threshold. 5 Since per capita income is the welfare measure used in the generation of official poverty statistics in the country, (log of) per capita income was used as a dependent variable in the empirical model.
The set of covariates used in this study were selected based on previous poverty studies on the Philippines (Tabunda, 2001) . Table 2 reports the definition and summary statistics of these variables. These variables include household size, dependency ratio, and household head attributes (i.e., sex, age, education, and employment). Aggregate-level variables, namely the transportation infrastructure index, economic and social infrastructure index, irrigation development index, agriculture index, and utilities index were also included in the model. The indices were generated using the Principal Component Analysis (PCA) mainly 8 because some of the component variables of those indices were found to be strongly correlated. Regional dummies were also included to account for regional characteristics.
Except for squares of household size and age of head, all main effect variables included in the model were not strongly correlated. 6 While the average real per capita household income increased over the years, most of the variables on household characteristics were stable in [2003] [2004] [2005] [2006] [2007] [2008] [2009] . The quality of infrastructure (e.g., paved roads; number of ports and airports; telephone density) improved while the total area planted and/or average use of fertiliser declined.
The shocks variables considered in this study were economic shocks such as rice and fuel price shocks, natural shocks proxied by rainfall shock, and labor market shocks experienced by the households. The rice and fuel price shocks are hypothesized to have a direct impact on household income. Since the bulk of the rice being sold in the market is imported and most of the locally produced rice is for subsistence, the rice price increase might not be felt by local rice farmers. On the other hand, fuel price hike can substantially increase the cost of bringing agricultural commodities to the market. Rainfall shocks, specifically heavy rainfall and drought, can have substantial impact on Filipino households' welfare, particularly those that are engaged in agriculture-the sector that is quite vulnerable to climate-related risks. Labor market shocks, defined as changes in the labor force structure within a household, are hypothesized to have a significant impact on household income. In particular, more jobless members could mean lower earning potentials of the household. Similarly, more vulnerable workers 1 , more non-permanent wage/salary workers 2 or fewer overseases contract workers 1 "[Based on ILO's (2009) definition,] vulnerable workers [are] those who are self-employed workers (without paid employees) and contributing family workers since they usually have relatively higher risk of getting zero or negative income in the face of economic, natural, and other types of shocks. These workers are also said to have informal work arrangements and less likely to have access to employment benefits or social protection programs." (Reyes and Mina, 2013, pp. 2-3) (OCWs) could mean lower and/or reduced income. These labor market indicators are mutually exclusive 3 . Pairwise correlations also suggest that none among them are strongly correlated with any covariates or aggregate-level shock variables. 4
Methodology
The methodology proposed in Günther and Harttgen (2009) is extended in this study by applying it to panel data with hierarchical structure where time (or 'occasion') is included as another level. Here we also take into account observable shocks in predicting income. We propose to use the three-level model to decompose the ex ante vulnerability measure into covariate (aggregate) and idiosyncratic components. We also employ fixed-effects (FE) model to derive the vulnerability estimate without decomposing it into covariate and idiosyncratic components, and to see how different methods yield different vulnerability estimates. Furthermore, the FE model is used for the first differenced income to predict income in 2012 to define the vulnerability status.
We will use multilevel model or random-coefficient (RC) model to analyse hierarchically structured data with variables defined at all levels of the hierarchy (Hox, 2000; Gibbons et al., 2010; Dupont and Martensen, 2007; Singer and Willett, 2003) . The multilevel model can be used to decompose the relative impacts of household-specific and community-specific [or aggregate-specific] shocks on households' vulnerability to poverty (Günther and Harttgen, 2009 can be written as follows:
The vector of all household-level and aggregate-level (or province-level) explanatory variables,
, ,
x x x x  , includes the following: time-varying (level-1) covariates,
The vector T tij
(1)
x also contains a variable representing time (Frees, 2004) . Associated with vector T tij
, which is a vector of fixed regression coefficients. The first three terms in equation (1) comprise the fixed part of the model. This is a baseline specification and we have also tried the specification with interaction terms within/across different levels. It is noted that all the explanatory variables, such as those representing the shocks, are included in "the fixed part".
The last three terms in equation (1) For identification purposes, the covariates T tij
x are assumed to be exogenous with
x v , and residuals in levels 1, 2 and 3 are uncorrelated. Moreover, the model in equation (1) allows for heteroscedasticity by introducing interactions between the time variable and higher-level residuals. This particular feature of the model is suitable to vulnerability analysis, where variances are usually assumed 12 to be correlated with observable covariates. The presence of higher-level residuals in each of the composite residuals also allows for autocorrelation (Graham et al., 2008) , although independence of the level-1 residuals can be imposed on the covariance structure.
To overcome the RC model's limitation due to potential correlations between covariates and an unobservable term at the household or province level, ij u or j v , or the heterogeneity bias, we adopted the 'within-between' formulation which Bell and Jones (2015) put forwarded as an extension of Mundlak (1978) . This formulation explicitly takes into account the 'within variation' by having a vector of demeaned terms of time-varying covariates in levels 1 and 3 (time-varying covariates minus time-series mean of time-varying covariates:
) and the 'between variation' by having a vector of time-series
. This is a baseline specification and we have also tried the specification with interaction terms within/across different levels.
Among various advantages, this formulation would enable us to capture the within-or fixedeffect at household and province levels through (1) β and ) 4 ( β as well as the between-effect at household and province levels through (2) β and ) 5 ( β . This 'within-between' formulation can overcome the main criticism of RE or RC that covariates and unobservable terms are correlated and thus coefficient estimates of covariates are biased in the panel data settings (Bell and Jones, 2015) .
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The restricted (or residual) maximum likelihood (REML) is used in the estimation of the multilevel model in this study for the following reasons. First, "REML is preferable with respect to the estimation of the variance parameters" (Snijders and Bosker, 2012: 60) . This is important because one of the objectives of the study is to assess the impacts of shocks.
Second, Maximum Likelihood (ML) estimates fails to comply with consistency and asymptotic unbiasedness as the number of higher-level units becomes smaller (Raudenbush and Bryk, 2002) . Third, "REML estimates the variance components while taking into account the loss of degrees of freedom resulting from the estimation of the regression parameters, while ML does not" (Snijders and Bosker, 2012: 60) .
We have also applied the FE model to the panel data in levels and in first differences by introducing ij  , the unobservable fixed-effect at the household level, as in equations (3) and
An advantage of the FE model is that we do not have to assume that ij  is correlated with a set of covariates. The disadvantages of the FE model, on the other hand, include the following: (i) it ignores the effects of all time-invariant province-and household-level variables; (ii) it also ignores the hierarchical structure of the data and thus the coefficient estimates could be biased (Goldstein, 1999) ; and (iii) the relative impacts of householdspecific and community-specific factors cannot be identified.
Following Fitzgerald et al. (1998) , this study tests for randomness of attrition, or whether attrition has a significant effect on the model estimates by estimating Fitzgerald et al.'s unrestricted attrition probit model and performing the Becketti et al.'s (1988) pooling test for attrition. The results of these models are reported in Online Appendix Tables 1 and 2. The results suggest that the following variables can be considered as significant predictors of attrition: household head profile (i.e., sex, age and its square, educational attainment particularly elementary-and secondary-level education, employment), household size and its square, urban/rural, and labour market shocks and attrition rate within the province 7 . The results of the post-estimation Wald test and F-test for attrition 8 , revealed that attrition in the household-level panel data was non-random, suggesting that attrition bias needs to be accounted for. Inverse probability weights were calculated as the ratio of predicted probabilities from the unrestricted attrition probit to predicted probabilities from the restricted attrition probit (without the auxiliary variables). In all estimations in this paper, these inverse probability (or attrition) weights are used to assign more weight to households who remained in the panel.
Our methodology of estimating vulnerability to poverty is an extension of Günter and
Harttgen (2009) based on Chaudhuri et al.'s (2002) method which involves estimation of expected mean and variance in household's welfare measure using cross-sectional data. In our study, this is extended by applying it to the panel data with hierarchical structure and by taking into account observable shocks in the prediction of log of per capita income (Échevin, 2013 (1), the variance of residuals at each level is regressed on the aforementioned covariates (excluding the shock variables) 9 , as in the following:
where:
Interactions within/across different levels are included in equations (4), (5) and (7) while interactions among level-3 covariates are included in equation (6) in cases where equation (1) or (1' It is noted here that the error terms at each level contain not only stochastic innovation (i.e., risk or shock) in the income-generating process, but also non-stochastic heterogeneity in the income-generating process as well as measurement errors. If the error terms at each level contain non-stochastic heterogeneity and measurement errors, this will make the income distribution in the equation (8) more widespread (as the denominator, 2 tij  , increases) and
will reduce the vulnerability measure ( tij Vˆ), rather than increase it. While estimating variance terms by household and other characteristics in equations (4)- (7) will mitigate this problem, our inability to distinguish between stochastic error terms and non-stochastic error term or measurement error is admittedly a limitation of our study. However, the same limitation is also applied to a number of studies on vulnerability drawing upon Chaudhuri et al.'s (2002) method we have reviewed in Section 2. We will thus implement an alternative method based on the FE model for the first differenced household income.
Operational assessment of vulnerability depends on the choice of vulnerability threshold ("minimum level of vulnerability above which all households are classified as vulnerable") and the time horizon over which vulnerability is to be assessed. The following equation, as presented in Günter and Harttgen (2009), is used for vulnerability assessment:
where: * ,ij k t V  is the vulnerability threshold at time t to fall below the poverty threshold (at least once) in the next k years;   z y P tij ln ln  is the probability of having an income above the poverty threshold in any given year. The vulnerability threshold of 0.5, the most commonly used threshold in the empirical literature (Pritchett et al., 2000; Kühl, 2003; Zhang and Wan, 2006) , is adopted in our study with a time horizon 3 years. Given equation (9), the estimated vulnerability threshold at time t to fall below the poverty threshold (at least once) in the next 3 years is 0.2063.
A household is considered as poor (non-poor) if its per capita income is below (above) (3′)). Then a household is defined as vulnerable or not depending on whether its predicted income per capita in 2012 is below or above the poverty line. This simple method has an advantage of modelling the unobservable household heterogeneity fixed over time. Hence, the prediction of income change reflects not only observable and time-variant household and community characteristics but also unobservable household heterogeneity. However, this method assumes that the income growth is deterministic in a sense that income growth derived as a prediction using the data in 2003-2009 will follow the same trend in 2009-2012. Decomposition of the vulnerability into aggregate and idiosyncratic components is not feasible with this method. Given these limitations, we will use two different methods to characterise household vulnerability.
Empirical Results
The results of RC and FE models are presented in Table 3 . A dependent variable is log household income per capita (Models 1-4) or first difference of log household income per capita (Models 5-6). The first two columns of Table 3 show the results of RC model without and with interaction terms, based on 'within-between' formulation (Bell and Jones, 2015) . 10
The next two columns provide those of Models 3 and 4, FE models without and with interaction terms (e.g., household characteristics and time-varying province-level variables).
The last two columns show the result of Models 5 and 6, FE model applied to the firstdifferenced income. Attrition bias is corrected in all cases in Table 3 by using the method of Fitzgerald et al. (1998) . The key results are discussed selectively below.
Highly significant variables include education of household head (positive for Models 1, 2 and 4; the interaction is positive for Model 3), household size (negative) and its square (positive), dependency ratio (negative for Models 1-3, 5 and 6; an interaction with household size is significant and negative for Models 4), and regional dummies. Households with more educated heads tend to have higher per capita income than those with less-educated. A larger household tends to have a lower per capita household income with some non-linear effect, while dependency ratio is also considered as an important predictor of household's wellbeing. The presence of more children in a household implies a lower share of adult members in employment, which limits the earning potentials of that household.
On other results, female-headed households are found to have relatively higher income than male-headed ones (Models 1 and 2). Interestingly, many female-headed households in the Philippines are heavily dependent on cash receipts or support (either from abroad or domestic sources, but chiefly remittances from abroad). 11 Miralao (1992) compared male-and femaleheaded households and found that the latter, on average, have higher annual income, are smaller in size, have older heads, and have higher share of property and rental income than the former, while a male head is more likely to be in the labour market. Our data suggest that remittances (regardless of the source) are usually higher in value because, apparently,
Filipinos are willing to leave their households only for better opportunities, e.g., higherpaying jobs. However, as pointed by Miralao (1992) 
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Households residing in provinces that experienced rainfall and fuel price shocks tend to have relatively lower income (Models 1-4), while the rainfall shock tends to negatively influence the income growth (Model 5). Because a majority of the working poor are engaged in agriculture and the agriculture sector is considered highly vulnerable to climate-related disasters, frequent occurrence of extreme weather events is expected to reduce income. Many households are also negatively affected by fuel price shocks through a number of channels. For instance, large increases in fuel prices could lead to higher transportation costs faced by entrepreneurs that regularly transport their produce to urban centres, or higher variable costs faced by employers that could mean reduction in workers'
wages.
On the results of idiosyncratic shocks, having fewer overseas contact workers (OCW) members in the household would lead to lower household income per capita for Models 1 and 2. This is understandable as the income from OCW would be a valuable source to supplement household income or mitigate the household income shocks. But they are not significant in FE models (Models 3-6). Having more members with non-permanent or vulnerable job are associated with higher income for Models 3-4. This implies that the increase in adult members in employmenteven if they work as temporary workers in vulnerable employmentwill have a positive effect on the household income, while an overall increase in household size or dependency ratio tends to reduce it.
A number of interaction variables have significant effects on income (Models 2 and 4). The income disparity between female-and male-headed households, in favour of the former, is observed in certain regions. This income disparity, however, does not hold when the head is highly educated (Model 2). Most of other interaction terms are statistically significant. 12
Decomposition of poverty and vulnerability to poverty (by degree and by source), using the vulnerability estimates and the vulnerability threshold of 0.2063 (calculated using the vulnerability threshold of 0.5 and the time horizon of 3 years), is summarized in Table 4 . It should be noted, however, that the estimated vulnerability of a household in this study is interpreted as the household's probability of falling into poverty at least once in the next 3 years.
The results (displayed in (Skoufias, 2007) or microfinance (Feigenberg et al. 2013) . Table 5 implies that the policies which develop infrastructure and irrigation facilities at the village or province levels are likely to reduce household vulnerability, but these may be more effective in reducing aggregate vulnerability, rather than idiosyncratic vulnerability. (Table 4 ). Most of the vulnerable households are either chronically poor or transitory poor, implying that the vulnerability status based on the alternative method is positively correlated with the long-term poverty status.
In the last panel of 2012) . Bell and Jones (2015) showed by Monte-Carlo simulations that "the RE approach is, in fact, nearly always preferable" (p.149) if the 'within-between' formulation is used. They argue that:
understanding the role of context (households, individuals, neighborhoods, countries, etc.) that defines the higher level, is usually of profound importance to a given research question -one must model it explicitly -and requires the use of an RE model that analyzes and separates both the within and between components of an effect explicitly, and assesses how those effects vary over time and space rather than assuming heterogeneity away from FE (Bell and Jones, 2015, p.149) .
In this regard, while we have shown the results of both FE and RC models, we will take the RC model as our preferred model to derive the vulnerability estimates.
In order to characterise vulnerability in comparison with poverty, we have derived the predicted value of vulnerability, * , 3 ij t V  , in equation (9), a probability of the household falling into poverty in the next three years for each household in 2009 (i.e., future vulnerability) and estimated it by initial conditions, that is, covariates at household and province levels in 2003 to avoid the issue of endogeneity using Ordinary Least Squares (OLS) with heteroscedasticity-consistent standard errors. The result is shown in the first column of Table   5 . To compare this with determinants of various categories of poverty, we have also estimated a (robust) probit model for each of the following four categories: 'Chronic Table 5 ) using the same set of covariates.
We have highlighted the results selectively. First, the determinants of vulnerability and chronic poverty are broadly similar, reflecting the fact that the chronically poor in the past are likely to be also vulnerable to poverty in the future. The factors which are correlated to household vulnerability and chronic poverty include: (i) having a younger and less educated head; (ii) a higher dependency ratio; (iii) being located in rural areas; and (iv) lack of access to irrigation. A larger household with more members is to less likely to be vulnerable (as suggested by a negative and significant coefficient estimate for vulnerability) and is more likely to move up to "non-poverty" (a positive and significant estimate for "moving up"), but more likely to be chronically poor (positive and significant for "chronic poverty"). This result appears to be consistent with negative and significant estimates for (i) (having) 'more members engaged in vulnerable employment' in the first column to show the determinants of "vulnerability", as well as for (ii) (having) "more members with non-permanent jobs" in the first column, whilst having more members in vulnerable employment prevented them from "moving up" from poverty to non-poverty. So these factors may serve as insurance for the household coping with risks, but may not help them escape from the poverty situations. To be able to escape from poverty, households may have to have more members with secure employment.
Second, the factors which are only significantly associated with vulnerability, but not with chronic poverty, include lack of access to major transport infrastructure and lack of job security. Third, lack of economic and social infrastructure is -contrary to our expectationsassociated with the higher probability of 'moving up'. On the other hand, even if households were not initially poor, they tended to slip down into poverty if they did not have access to transport infrastructure and/or irrigation facilities, or have more members in vulnerable employment. Finally, consistent with our expectations, better education, a smaller household size and a lower dependency ratio, living in urban areas, having access to better infrastructure and/or better education are main determinants of being 'never poor'.
Concluding Remarks
The vulnerability to poverty of Filipino households is estimated in this study using a threelevel longitudinal model and three-wave household-level panel data in the Philippines. Chaudhuri et al.'s (2002) method of estimating households' vulnerability to poverty -which has been widely adopted in numerous empirical works on vulnerability based on crosssectional data -has been further extended in our study by applying the multilevel longitudinal random coefficient (RC) model to the panel data. We have corrected heterogeneity bias using Bell and Jones's (2015) 'within-between' formulation. This leads to our specific methodological contributions to the empirical literature on vulnerability such as: decomposing the ex ante vulnerability estimate into idiosyncratic and covariate components; reducing the possible bias in vulnerability estimates by using a multilevel model; and, characterising household poverty situations in both vulnerability and poverty persistence dimensions by utilising the panel data. As a robustness check we have applied the fixedeffects (FE) model for the level of household income per capita and its first-differences. In case the FE model is applied for the first differenced income, the predicted income is derived as a sum of the actual income in 2009 and the predicted growth in income. We define the vulnerability status according to whether the predicted income is below the poverty line or not in 2012.
Interestingly, the estimated multilevel model contains a set of significant and empirically sound predictors of household income. Consistent with the findings from local poverty studies (e.g. Balisacan, 1997; Tabunda, 2000) , profile of heads (education, sex, and age), composition (household size and dependency ratio) and location (urban/rural and region) significantly explain the variation in household income. Observable covariate (fuel price and rainfall) and idiosyncratic (labour market) shocks also have significant (negative) impacts on household income.
Further interesting findings can be drawn from the empirical results on our vulnerability estimates based on the RC model. Around 37.7 percent of the panel households are classified as vulnerable at least once in any of the periods covered. Only 15.9 percent of the panel households are vulnerable to unobservable covariate shocks while 34.5 percent are vulnerable to unobservable idiosyncratic shocks. Decomposition of poverty and vulnerability to poverty revealed that the chronic and the transitory poor, and even the never poor, are more vulnerable to unobservable idiosyncratic shocks than to unobservable covariate shocks. Impacts of idiosyncratic shocks might have been more direct and more specific compared to 28 those of covariate shocks. We have noted that the vulnerability statuses based on the FE model applied to the first differenced income are broadly consistent with those based on the RC model. Among a number of policy implications derived by our empirical results, education is an important determinant of both poverty and vulnerability. Highly educated individuals have higher probability of gaining more stable and/or better-paying jobs. More-educated individuals are likely to be more adaptive to varying circumstances and have higher coping capability (Glewwe and Hall, 1998; Christiaensen and Subbarao, 2005) . This is confirmed by our results comparing the determinants of vulnerability, chronic poverty, transitory poverty and chronic non-poverty. Clearly, policies and programs aimed at human capital investment are very important government interventions, especially in developing countries like the Philippines. Meanwhile, the government should provide adequate safety nets to poor and vulnerable households in order to protect them against various economic, natural and other shocks. These policies could include conditional cash transfers or microfinance to help communities or villages to strengthen risk-insurance mechanisms. Other policies are employment and skills training programs, which can be implemented on a regular basis and can be intensified in times of crisis. Furthermore, policies to improve transportation infrastructure and/or irrigation facilities are also deemed important for reducing vulnerability. Tabunda, A.M. (2001) .El Niño or El Peso? Crisis and poverty in the Philippines revisited.In The World Bank Institute,Strengthening poverty data collection and analysis, Bangkok:
The World Bank Institute. Townsend, R M (1994) . Risk and Insurance in Village India, Econometrica, 62, 539-591. Zhang, Y. and Wan, G. (2006) .'An empirical analysis of household vulnerability in rural China', Journal of the Asia Pacific Economy, Vol. 11(2), pp. 196-212. 
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